Abstract-Backhauling has become an attractive cost-saving approach in logistics. To explore such opportunities, we propose a backhaul matching optimization model based on Binary Integer Programming (BIP). A set of operational and logical constraints was also developed. While flexible enough to apply to general logistics networks, we validate our model in a large 3rd party logistics network in Thailand. It is shown that our scheme always produces optimal backhaul matching plan, satisfies the defined constraints, and in turn outperforms the existing manual operation that is also time-consuming and subject to human error. The proposed model provides a promising scheme to improve the network's backhaul matching operation and yield a competitive advantage.
I. INTRODUCTION
Transportation cost is usually counted as a significant part of total logistics cost. This is particularly true for the products with relatively low production cost compared to its total manufacturing cost, such as agricultural, traditional construction materials, and other commodity products. For instance, the recent logistics survey [1] shows that the logistics cost is approximately 7.87% of the total sales for average companies, 44% of which is the transportation cost. For Thailand, the logistics cost as a percentage of sales is more than 20% on average [2] ; 47.2% of this proportion contributes to the transportation cost. Apparently, efforts have been spent in order to improve this non-ignorable cost, including truck fleet sharing, backhaul matching, shipment consolidation, etc. In this paper, we emphasize our discussion on a cost improvement strategy through truck backhaul matching, which can be accomplished by identifying the most appropriate backhaul shipment to a particular linehaul, in order to reduce the number of trucks travelling with empty load, and in turn improve the transportation cost. This cost-saving practice usually provides the greatest benefits when manufacturing firms outsource their transportation operations to 3rd Party Logistics (3PL) Companies. This beneficial condition results from a broad variety of linehaul and backhaul products, which the 3PL company can optimally select from its customer portfolios. We propose a Binary Integer Programming (BIP) model to identify an optimal backhaul matching plan with minimal number of empty load travelling.
This paper is organized into seven sections. Some related literatures are discussed in Section II. Section III describes our problem scenario in detail. Section IVdemonstrates the development of our proposed BIP model for the backhaul matching problem. Section V outlines our experiment in a 3PL network focusing on commodity products in Thailand. The meaningful results along with some discussion are presented in Section VI. Lastly, Section VII draws this paper to conclusion.
II. LITERATURE REVIEW
Previous contributions in the area of backhaul analysis and optimization models mostly examine vehicle routing problem with backhauls (VRPB) [3] , which is a class of pick-up/delivery problem. It considers the delivery of goods from a depot to a number of delivery points. On each route, after all deliveries are made, returnable items are picked up and brought back to the depot. VRPB is generally an NP-hard combinatorial optimization problem. Therefore, this paradigm usually adopts heuristic approaches such as tabu search [4] , [5] , genetic algorithms [6] , ant colony optimizations [7] , and local-search metaheuristic method [8] , to obtain approximate solutions in acceptable time.
Another class of backhaul study involves flow planning instead of operational routing problem. Carlsson et al. [9] presented a backhaul flow planning model in forestry. Their decision variables identify flows between a set of supply points and linehaul demand points with additional flow variables representing potential backhaul routes. The model is formulated as a linear programming problem, whereas a solution method based on column generation is used to guarantee an optimal solution. In contrast, we focus on backhaul matching plan, which considers optimal backhaul matches for a set of linehaul destination points and backhaul supply points. Moreover, the transported volume per truck is not our concern as our scenario always involves full truckload of nearly steady volume. Consequently, binary programming is more appropriate for our settings.
In spite of backhaul optimization, data mining technique was also introduced to this area [10] , [11] . Muckell et al. [11] proposed an intelligent brokerage system, which automatically identifies backhaul and load sharing opportunities. It utilizes telematics data such as sensor and geo-based information to create historical pattern of freight movement and detect backhaul opportunities. Let us consider a generalized logistics network with backhaul matching opportunity operated by a 3PL company as illustrated in Fig. 1 . The network includes Nlinehaul source nodes, denoted as lsrc 1 , lsrc 2 , …lsrc N , where N is a large integer. For each route i, linehaul products are shipped from lsrc i to a linehaul destination or sink node, lsnk i , on day t. Then after the delivery, the truck will travel with empty load to pick up a backhaul product at a backhaul source node, indicated as bsrc j , which is in an area close to lsnk i . The backhaul shipment must be collected on or within day t+d, where the value of d depends on the 3PL company's logistics planning policy. Once the truck is loaded with the backhaul product, it travels back to an area near by lsrc i to deliver the backhaul at the backhaul destination or sink node, denoted as bsnk j , which maybe also be lsrc i .
It can be realized from this scenario that there are several possible combinations when developing a complete backhaul matching plan, which aims to match linehaul shipments to appropriate backhaul shipments. However, our objective is to develop the backhaul matching plan such that the number of trucks with empty load travelling back to the linehaul source nodes is minimized (i.e. maximize the number of matchings). Additionally, four main conditions must be kept in mind. First, the distance between the linehaul sink node and backhaul source node, also known as "deadhead," must not exceed a predetermined value. Second, the delay time that the truck needs to wait before loading the backhaul product shall be no longer than specified. Third, the products of the linehaul and backhaul shipments shall not be in the categories that contaminated each other. Lastly, the truck types, i.e. flatbed trailers or dump trucks, required by the line hauland backhaul shipments to be matched must be the same. The expected result of this modeling task will be the backhaul matching plan identifying which possible pairs of linehaul and backhaul shipments should be matched in order to maximize the number of backhaul matchings. 
IV. BINARY INTEGER PROGRAMMING MODEL FOR BACKHAUL MATCHING PROBLEM
Based on our problem scenario, each decision variable represents the matching decision for each possible pair of linehaul and backhaul shipments. As a result, it can be modeled as a binary variable. More specifically, the matching decision becomes 1 if a linehaul shipment can be matchedwith a particular backhaul shipment, otherwise 0. Consequently, our backhaul matching problem can be modeled as a Binary Integer Programming (BIP) model. To facilitate our discussion, the variables and parameters involved in the model are presented in Table I . We aim to maximize the total number of backhaul matchings by considering all possible pairs of linehaul and backhaul shipments delivered by both flatbed and dump trucks. Accordingly, our objective function becomes: While targeting the above objective function, our challenge is also to satisfy various operational and logical constraints, as depicted in the following constraint (C1) to (C10). First, constraint (C1) states that each matching decision x ijk is represented by a binary decision variable. Constraint (C2) controls that the deadhead distance d ij of each matching pair cannot exceed thepredefined value D. Moreover, constraint (C3) regulates that the delay time between the linehaul delivery date, t LHi , and the backhaul pick-up date, t BHj , is limited to the maximum overhead time T.
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For each matching, constraint (C4) and (C5) state that the truck type must conform to thetruck type requiredby both linehaul and backhaul products. Furthermore, constraint (C6) shows that for a truck type k, the number of matchings must
not exceed its total number of base capacity, C bk , and its spot capacity, C sk . 
V. A CASE STUDY IN A 3PL NETWORK IN THAILAND
The prototype software of our proposed BIP model was developed to provide suggestions on daily optimal backhaul matching plan for a giant 3PL network in Thailand. The transportation operations of the network involve a broad variety of products from a large customer portfolio such as construction materials, agricultural, pulp and paper, etc. For illustration, we conducted our study on the logistics network in the north-eastern region of Thailand.
To preserve data privacy, all the product names and transported volume shown here have been coded and transformed. However, the presented data still represent the realistic behavior of the input data and their corresponding results.
The logistics network with backhaul matching opportunity under study involves 5 and 15 categories of linehaul products and backhaul products respectively. A linehaul product is usually shipped from the linehaul source on day t, delivered to the linehaul sink on day t+1. Then, the truck picks up the backhaul product at its source on day t+2. The backhaul matching plan is an operational plan for daily use. The plan is created every morning before 10 a.m. on estimate. Table II shows an example of order volume received per day. Due to the limited space, only a portion of the dataset is displayed here. As an example, on June 3 rd 2013, 129 trucks of type 1 are required for delivering linehaul products of type 1. On the same day, 16 trucks of the same type are also needed to pick up backhaul products of type 1. 
The information on the conflicts among the product categories is outlined in Table III . Each pair of the conflicting categories is marked with X. From Table III, linehaul category 3 shall be matched with backhaul category 6 only, whereas linehaul category 4 can be paired with backhaul category 7 and 8.
Our BIP model was implemented in Java and solved using CPLEX optimizer V.12.4. An experiment was conducted for one month, using maximum deadhead distanceD = 150 k.m., overhead time limitT = 2, and whenbase capacity of the truck typeC bk andspot truck capacityC sk are very large. 
VI. EXPERIMENTAL RESULTS AND DISCUSSION
The result of our one-month experiment on backhaul matching operations is presented in Fig. 2 . The bars in Fig. 2 show the volume of linehaul shipments on each particular day as numerated on the left y-axis. For instance, the linehaul volume on June 2 nd is slightly above 150 shipments; whereas, there are over 200 linehaul shipments on June 23 rd . The line graph on the same figure provides the comparison between the percentage of backhaul matching obtained from our optimization method and the manual operation based on human's judgment. In addition to avoiding labor-intensive time-consuming process, our optimization method gives the optimal objective value of approximately 59%, whereas the manual operation produced a slightly inferior value at about 57%.
Nevertheless, if we examine the matching outcome for each particular day; for instance on day 17 th , it can be observed that the manual method sometimes provides higher level of matchingthan that from ouroptimization method.Further investigation revealed that there exist manual matchings that violates the limited deadhead constraints of 150 km. For example,on day 17 th , the linehaul product category 3 and backhaul product category 6 generates deadhead distance of 290 km.This occurrence reflects additional advantages of our optimization method which avoids human errors and always maintains all of the business's constraint requirements.
Even though our proposed matching optimization solution has high potential for fortifying the backhaul matching operations in the logistics network under study, there is still room for further improvement to make the approach more practical. First of all, by working closely with operational staffs,the model could be modified to be more flexible and toaccommodate special operational requirements of the network such as exceptional matching pairs that should be allowed to have more relaxing constraints. Second, the proportion of the job assignment to the outsourced carriers, also known as the carrier quota, can be taken into account when generating the matching plan. Lastly, a proper software GUI is also needed to be develop.
VII. CONCLUSION
This paper emphasizes backhaul matching optimization which serves as a great avenue for cost saving in transportation, particularly, in the operations of 3PL networks with a variety and large portion of products and customer portfolios. To obtain an optimal matching plan, a BIP model is developed with decision variables depicting whether each possible pair of linehaul and backhaul shipments should be matched. An experiment was conducted in a large 3PL network to validate the result from our model. Our preliminary study indicates that the proposed BIP model provides advantages over the traditional manual operations in several aspects and offers an opportunity for backhaul matching improvement. Moreover, it can be further enhanced to include additional constraints such ascarrier quota and to accommodate some exceptional user requirements. 
